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Introduction
« Anomaly Detection

- Anomaly Detection< Input sample2| anomaly scoreE A4St O| & HIEIC =2
normal, anomaIyE T=5t= &Y

SHESED Inference 2HH Of A
AHE—E- ol 2 7} 3| oF*EI normal feature 2| If0| H%QE anomaly scoreS Al 4t

Train Anomaly score s € [0, 1]
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Inference
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Introduction
« Anomaly Scoring Model
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Introduction

« Anomaly Detection
- Few- / Zero-normal shot Setting

-7| &0 MA|E RS2 2t 7H 2| object/classOfl CHSHY 7HE X QI R H S o
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class &t &0 2 %t E 3t
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WM SR O class®| EHEE == U+ unified model O] S&&
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Introduction

» Few-shot / Zero-shot Learning

- Few-shot / Zero-shot Learning In classification task

Z|E RE2 oo AT P2 = UKD, real worldo| A= SHSHA] 2
SefA7tFOIX|H BHO| B 2K RECHE 2H I US
In training Test (Real world)
“cat”
“dogn
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Introduction

» Few-shot / Zero-shot Learning

Few-shot / Zero-shot Learning in classification task
-NeEe 229 samples R HTF St AHLE/ OO0 Sh53HXA|
S8 4 UEE RS SHEA||

F SEAS
|_—|I=l
L HH<=
L od=

A0t off e S0

Few- shot/Zero shot LearningO| 2t &t
In training

Test (Real world)

1]

cat”
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Introduction

» Few-shot / Zero-shot Learning

- Contrastive learning
-@Ho| 2

g2 2efoe 7t ChE SelLes BOX =5 0 E5HA =550 22|
[ ST = FFSH ot G E
-YHIHOI EHE FEY 5+ A0 MZE2 Y20 S + AS

- Multi-modal contrastive learning(Visual &textual)

- Visual feature2} text feature& &= embedding space®l| mappingStS| contrastive
learning= =& ot= &,

-0|Z AJfE CLIPOIM 88T, T O 20| Y= featureE TEE 4= US

MM =

4 D (e ) e )
o A %

l )(f \

.9 o2 e
Semantic Embedding space Semantic Embedding space Semantic Embedding space
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Introduction

» Few-shot / Zero-shot Learning
-CLIP

- Image embedding2} text embedding 72| contrastive learnings S 22 S &&
-XtHO| £ guidance2 830, image encoder’t & O 2|0| /U= featureE FTEOIE =
[o]
/ H(d

- Large-scale dataset@ 2 t&55}10] Z+ 243 representation 522 210 90, zero-shot vision
taskO| A & 7ts

(1) Contrastive pre-training

(2) Create dataset classifier from label text
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Introduction

 Few-shot / Zero-shot Learning

- Utilizing LLM (Large Language Models) for downstream tasks

-CLIPS| BZ Zf encoder0| A = =3t Image embeddlngJ_f text embeddingO| Z}77H2 K| A
steg H._"', T modallty9| HEIt SFE[X] ZotCh= otA| 71 /IS

- Pretrained-Vision encoder2| last layer CH 4! learnable projection layerE 3750 LLMO|
SSIE £ Q- E HA

ot

-LLMO[ Z} modalityS SA|0f 2 Z5HH <t5ot7|0f, & & =%t representation 5 ==

=1
Xl A o
Visual  Projection Visual
Encoder Layer Token
\ Language
Model
“A broken pill” AB—* .\
Text J Language Response

Tokenizer Token
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Paper Review

WInCLIP: Zero-/Few-Shot Anomaly Classification and Segmentation (CVPR 2023)
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Method

e Qverview

CLIP
text
encoder

A photo of a
{state} {circuit}

.

A cropped photo of
a {state} {circuit}

Query image

*~ Normal reference image
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Multi-scale
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Patch embeddings
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anomaly score map
(language-guided)

Aggregated
anomaly score map
(vision-based)

Max

r

Anomaly
classification

Pixel-level
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Pixel-level prediction
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Method

 Language-driven Zero-shot Anomaly Classification

_________________

Perfect i
!
1
| I T B T @ e
1 Average classification
[ Damaged || | encoder '
- 1
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H =S
g
3|
D
o
o

T*1 Multi-scale
|__| Aggregation

Aphotoofa |  |A cropped photo of
{state} {circuit} a {state} {circuit}

CLIP
image —_—
encoder

Query image
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Method

 Language-driven Zero-shot Anomaly Classification

- Two-class design
-CLIP=

text@} visual feature=

=2 JLOo
= E =

0|23l Zero-shot Anomaly Detections =& 4= US
- Pretrained CLIP model= 0| &3} image?t Normal= °|U|'5I-'.: text2t Anomaly S

o|0|5t=
Text
CLIP embedding
“Normal pill" — Text —» —
Encoder

Anomaly score = -<

I.>

CLIP
- Visual .—
Encoder Visual
Embedding

(cls token)

One-class Design
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space01| embeddingdt= = st 7| M 20, O| &

text2t2| similarityS 22 A|4I5t1, softmaxE

F| 3t 4t= anomaly scoreE &

-

“Normal pill”
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Text
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CLIP
— Text —» —
Encoder .

CLIP
Visual
Encoder

Embedding
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Method

 Language-driven Zero-shot Anomaly Classification

- Compositional prompt ensemble (CPE)

- Anomaly= classOi| [Ch2f Cr oA &-ste LEHE QI text prompt2 X 2| ot=0| SHA| 7}

ol
N =

-0]0f CH-2517] I5H, object2] AENO]| CHSH HO

- Object class'&H 2 Ef%“?_F state 2} template % Z2t5ho] CHYSH text promptE A SHD, text
encoder2 F B ¥ 2 embedding== &2 (Normal/Anomalous) £ averageStO] Zf 11
CH 3 5}= text embeddlng Ao

- Two-class design2 2 anomaly score= A|4t5t11, O F O| &3} Anomaly Classification <=2
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Method

 Language-driven Zero-shot Anomaly Classification

- Compositional prompt ensemble (CPE)

@tate-level (normal)

e C =

e C =

e Cc :=

e Cc =

n [O] ”n
"flawless [o]"

"perfect [o]"

~

"unblemished [o]"

"[o] without flaw"

"[o] without defect"

"[o] without damage"

(b) State-level (anomaly)

"damaged [o]"

"[o] with flaw"

"[o] with defect"

"[o] with damage"

/
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(c) Template-level

e "a cropped photo of the

tel o

"a cropped photo of a
[c]."

"a close-up photo of a

[c].®

"a close-up photo of the
LEL."

"a bright photo of a [c].

"a bright photo of the
[el.™

"a dark photo of the [c].

"a dark photo of a [c]."

"a jpeg corrupted photo of

a: {¢l."

"a jpeg corrupted photo of

the [c]."

CPE example

16

(cont’d) "a blurry photo of

the [c]."

"a blurry photo of a [c]."

"a photo of a [c]."

"a photo of the [c]."

"a photo of a small [c].

"a photo of the small
ey L
"a photo of a large [c].

"a photo of the large
g R

"a photo of the [c] for
visual inspection."

"a photo of a [c] for
visual inspection."

"a photo of the [c] for
anomaly detection."

"a photo of a [c] for
anomaly detection."
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Method

« WINCLIP for zero-shot Anomaly Segmentation

________________

!
1
|
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- | text — Average — ® " classification ) )
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' Class token |:| : Aggregated Pixel-level
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Method

« WINCLIP for zero-shot Anomaly Segmentation

- Getting dense representation
- Anomaly Segmentation= = 5}7| 2|5 M= local detail feature7| 222

- Patch-level sliding windowE 2250, window& X 2|2+ LIHX| £ 0| masking=!
0| 0| X| 2] window embedding (CLS token)S &=

Zt windowZ2 2 H -2 embedding2t, CPEE ¥ 2 text embedding2| similarityS A| 450
anomaly scoreE & El

-Zt Window L{Of| ZXH5t= 2= A0 i S window=F E A4St anomaly scoreE F 0

Window
embeddings

(cls token)
CLIP

image
encoder

T Masked image
as window

fO)

(Lo} B

Anomaly
score

.

'V%

.

Meta lmeltd

Aphotoofa | |Ac !
{state} {circuit} a {state} {circui !
i
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Method

« WINCLIP for zero-shot Anomaly Segmentation

- Getting dense representation

-Window LH 0| EXSt= 2= 0] anomaly scoreE £ 0 5HHAM, window”/t GX|&=

220 6§32 ¥ score”} & EO| =

—Harmonic averaging= F(3ll O|&& StLIC| U= S0 =

\ Harmonic
/ Averaging

Anomaly
score

e H » FEi
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Method

« WINCLIP for zero-shot Anomaly Segmentation

- Getting dense representation

~-WinCLIP2 small-scale(2x2) / mid-scale(3x3) / image scaleZ Lt+0f &M np™H S a5t

- Image scale2| 4<% classification tokenO| OF =l penultimate featureE AL

-2} Scaled| Al &2 score mapAi| harmonic averagingS |3 %|Z anomaly score map &5

Masked image
as window

A szuta
S
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Small-scale

CLIP
image
encoder

CcLIP
image
encoder

CLIP
image
encoder

)

Harmonic

- | l Averaging
Window = T
embeddings HERNR /
5
L S

! L1
Window ’
embeddings

Pixel-level
prediction

Anomaly
score map



Method

« WINCLIP+ for few-shot Anomaly Segmentation

cLP
image —_—
encoder

- Normal reference image

AR THED
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ym s s e e

______ 1_____________ e e
[ v v -
WindowAssociation WindowAssociation e
| small-scale l mid-scale [ PatchAssociation l I
[ A L .
------------------------------- { pp——
: Aggregated Pixel-level prediction
| i anomaly score map from association
| (vision-based) with reference
1
1
1
| H Max
, ' Anomaly
Window embedding map Window embedding map Patch embeddings : ah » classification
___smallscale ______midscale ____________ . __ ! ~ with reference
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Method

« WINCLIP+ for few-shot Anomaly Detection

- Language guidance 2t 2 = = anomaly classification/segmentationSt”| 0| =25} X]|
B2 EdR7t U=

- £ defection2 visual referenceS S8 AM Tt HO|7t 7=
- Metal_nut: flipped upside-down, J 2F2k0

Sl gy

O EIX| reference?t =X OF H 2|7t 7ts
- WinCLIP+2 Few-normal shot= Z-&5t0, & & H&5tA anomalyE T+ &<
Ol HHH S Tl Al
M- oH=Z

Normal Anomaly
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Method

« WINCLIP+ for few-shot Anomaly Detection

- Few-shot Anomaly Segmentation
-Normal reference image= 2| scale & featureE X%
~Query image2t M=l B = reference image= 2| featureE patch-wise 2 H| 1

-7 2 GAIEE A= Z 22 anomaly scoreE Sl S patch2| anomaly scoreE AR

CLIP
image —
encoder

[ Association ] [ Association ] [ Association ] Association: M;; = min- (1 <F
U reR 2 '

image | — NN
encoder

j,T' >)

Normal reference image
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Method

« WINCLIP+ for few-shot Anomaly Detection

- Few-shot Anomaly Segmentation
-Scale'® £ anomaly scoreE |4t =, O| & averageSt | visual anomaly score map= 24 4

=
- Text prompts2} H| 1 S5F0] &2 anomaly score map2t fusingStO £[Z Anomaly map 44

Association: M;; = mm (1 < Fj;,r>)
cLIP
Gl Aggregated Anomaly score: MW= 1 3 (MP+ MY+ M)
Query image | |
[ Association ]—[ Association ]—[ Association ]—P —
| | Aggregated
anomaly score ma|
hf:;l:e ‘ | | (wsnoyn—based) P E":I_>

encoder

g 3
Pixel-level prediction
Normal reference image [ from association
I with reference

Aggregated
anomaly score map | \
R 5“ CII &'.'.‘.J—- (language-guided) VDS
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Method

« WINCLIP+ for few-shot Anomaly Detection

- Few-shot Anomaly Classification

~Visual anomaly score map2| maximum value2} zero-shot classificationdt 22 HHo 2
2| AtSH language-guided anomaly scoreS EHA| AL

Text
embedding

. _
CLIP . A |
Visual o e nomaly

- e Visual _ I: Score

Encoder
Embedding

(cls token) | - .

“Normal pill” CLIP

. m— Text —»
Anomalous pill

Encoder

Aggregated
anomaly score map
(vision-based)
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Experiment

 Zero-/Few-shot Anomaly Classification
- Zero-shot Setting

Anomaly Classification MVTec-AD VisA
Setup  Method AUROC AUPR Fi-max  AUROC AUPR F-max
CLIP-AC [27] 74.0£0.0 89.1+£0.0 88.5+0.0 59.3£0.0 67.0£0.0 74.440.0

O-shot +Promptens. [27] 74100 89.5+00 87.8+£00 58.2+00 66.4+0.0 74.0+0.0
WinCLIP (ours) 91.8+0.0 96.5+0.0 92.9+0.0 78.1+0.0 81.2+0.0 79.0+0.0

~CLIP-AC : {“anomalous [obj]”, “normal [obj]”} BF= promptZ A&
-Prompt ens. : Text template2FS H2}510] text embeddings == 2, 0|52 S A&
~WinCLIP : State, Text templateS 25 H3IA|7| = CPEE AME

Al
- =

oot

21 CPEE A 8= W M E2 ds= W1 /S

fujo

H A O
E‘I‘le

P iR y [vos]
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Experiment

 Zero-/Few-shot Anomaly Classification
- Few-shot setting
- Zero-shot setting¥l Al ‘45 0| SOTAS| few-shot settingf| Al S ELCHLI2 A2 &2 = US
-Few-shot settingd| A = SOTAELCI £E2 ds2 U= A2 =2 = U2

Anomaly Classification MVTec-AD VisA
Setup  Method AUROC AUPR Fi-max  AUROC AUPR F1-max
CLIP-AC [27] 74.0+00 89.1+0.0 885400 59.3+00 67.0£00 74.4+0.0

O-shot +Promptens.[27] 741400 89.5+0.0 87.8+00 582400 664400 74.0+0.0
WinCLIP (ours)  91.8+0.0 96.5+0.0 929400 78.1+0.0 81.2+0.0 79.0+0.0

SPADE [7] 81.0+20 90.6+0.8 90.3+08 79.5+40 820433 80.7+1.9
PaDiM [8] 76.6+3.1 88.1+1.7 882+1.1 628454 683440 75.3+12
I-shot  patchCore [31] 834430 922415 90.5+15 799429 828+23 81.7+16

WinCLIP+ (ours) 93.1+2.0 96.5+09 93.7+1.1 83.8+4.0 85.1+4.0 83.1+1.7

SPADE [7] 8290+26 O91.7+12 91.1+1.0 80.7450 823443 81.7+25
PaDiM [8] 780+3.1 89.3+17 892+1.1 674451 71.6+38 75.7+18
2-shot  patchCore [31] 863433 93.8417 92.0+15 81.6+40 84.8+32 82.5+1.8
WinCLIP+ (ours) 94.4+13 97.0+0.7 944408 84.6+24 85.8+27 83.0+1.4
SPADE [7] 84.8425 925+12 91.5+09 81.7434 834427 82.142.1
PaDiM [8] 804425 90.5+1.6 902+12 728429 756422 78.0+1.2
4-shot  patchCore [31] 888426 045+15 926+16 853421 875421 84.3+1.3

WinCLIP+ (ours) 95.2+1.3 97.3+0.6 94.7+08 87.3+1.8 88.8+1.8 84.2+1.6

R AW THEE D VDS
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Experiment

» Few-shot Anomaly Segmentation

- Few-shot setting

WinCLIP+ (ours) 95.2405 87.1:12 559427 964104 851421 413423

SPADE [7] 92,0403 85.7£07 44510 962+04 85.7+1.1  40.5+3.7 7]
PaDiM (8] 91.3+0.7 78218 43.7x15 920407 70.1+26 21.1x24 /

2-shot  pyrchCore [31] 933406 823x13 53.0+17 961405 82.64+23 410439 ,
WinCLIP+ (ours) 960403 884109 584117 968+03 862414 43.5:33 it
SPADE [7] 92,7403  87.0:05 46213  96.6+03 87.3:x08 43.6+36 areel V]

Anomaly Segmentation MVTec-AD | VisA Image GT SPADE PaDiM PatchCore Ours
Setwp  Method pAUROC PRO Fi-max  pAUROC PRO Fy-max -

SPADE [7] 91.2404 839407 424410 956404 841416 355422

PaDiM (8] 893409 733£20 402£21 899408 643+£24 174%17
1-shot  parchCore [31) 9R0+10  797+20 504221 954406 80.5+25 38019

PaDiM [§] 92,6407 81.3%19 46118 932405 726419 246418
4-shot  patchCore [31] 943405 843416 550419 968403 849414 439431
WinCLIP+ (ours) 96.2+03 89.0-08 59.5+18 97.2+02 87.6+09 47.0:3.0

Table 4. Comparison of anomaly segmentation (AS) performance on MVTec-AD and

VisA benchmarks. We report the mean and standard deviation over 5 random seeds for (a) MVTec-AD ( 1 -shot)
each measurement. Bold indicates the best performance. >

AW THdkn VDS
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Experiment

« Comparison with many-shot methods

A

A g d Rk
SOGANG UNIVERSITY

Methods Setup AC AS
WinCLIP (ours) 0-shot 91.8 85.1
WinCLIP+ (ours) 1-shot 93.1 95.2
WinCLIP+ (ours) 4-shot 05.2 96.2
DifferNet [32] 16-shot  87.3 -

TDG [39] 10-shot  78.0 -

RegAD-L [14] 2-shot 81.5 933
RegAD [14] 4 +agg. 882 958
MKD [35] full-shot 87.7 90.7
P-SVDD [49] full-shot 92.1 95.7
CutPaste [20] full-shot 952 96.0
PatchCore [31] full-shot 99.6 98.2
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Experiment

 Ablation study — Anomaly Segmentation
- Patch-token

~ Image encoder (VIT)2| OtX| 2} layer2| patch featureES J1CH 2 text feature2t H| w &}0

anomaly scoreS 7| At
- Image tiling
-WindowE X| 2|8t 228 maskingdt= Ci 4!, window S22t [}
-E=53t 452 EO|X| P inference timeO| O 7! 242

- Harmonic avg.

-2 X2 2 Harmonic AverageS AP = M, 72|02t 85 T&= 7
5LO|SH A O] ©

= = T AAO

Method | pPAUROC  PRO  Fi-max | Time (ms)

Patch-token 22.4 2.3 8.0 95.5+18.8
Image tiling 77.9 57.5 25.5 1442.1+62.2
WinCLIP (ours) 85.1 64.6 31.7 389.4+185
w/0 image-scale 82.0 63.0 29.5 378.6+20.2
w/o mid-scale 84.0 61.6 30.5 190.7+13.9
w/o small-scale 84.7 63.6 30.6 265.44+159
w/o Harmonic avg. 81.5 60.5 273 27994228

R B THEED
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Conclusion
« Vision-Language Model 2! CLIPZ =78 2 2 St&5SHX| 10 anomaly
detection0f] M8 = Q= RS x[X= A2t

« Window 2A1S M8 ., |ocal dense featur ot 2~ Q10 Zero-/Few-shot
anomaly segmentationS EIHO 2 e = QUS

D

it
fot

Aln
9'1-

« Few-normal shotOl| CH 3t feature & X & St= REAIS ARG | 20,
OFEFZER| 2 new class2| =7+ S 748 memory O| 7574 O H S| Al

o2 Hel
« Anomaly segmentation task& =3 | H+ inference timeO| 2 400ms =,
ARO A 27| OF & =2|Ch= otA 7 A&

- -

R 5,")6-(“&.._,_1 VDS
S

SOGANG UNIVERSITY 31

-
>
™



A B
S

SOGANG UNIVERSITY



	기본 구역
	슬라이드 1: 2024 겨울 세미나
	슬라이드 2: Contents
	슬라이드 3: Introduction
	슬라이드 4: Introduction
	슬라이드 5: Introduction
	슬라이드 6: Introduction
	슬라이드 7: Introduction
	슬라이드 8: Introduction
	슬라이드 9: Introduction
	슬라이드 10: Introduction
	슬라이드 11
	슬라이드 12: Method
	슬라이드 13: Method
	슬라이드 14: Method
	슬라이드 15: Method
	슬라이드 16: Method
	슬라이드 17: Method
	슬라이드 18: Method
	슬라이드 19: Method
	슬라이드 20: Method
	슬라이드 21: Method
	슬라이드 22: Method
	슬라이드 23: Method
	슬라이드 24: Method
	슬라이드 25: Method
	슬라이드 26: Experiment
	슬라이드 27: Experiment
	슬라이드 28: Experiment
	슬라이드 29: Experiment
	슬라이드 30: Experiment
	슬라이드 31: Conclusion
	슬라이드 32


